HSP 60.2 plays important role in pathogenesis of Mycobacterium tuberculosis causing tuberculosis. This chaperonin comprises of three domains namelyapical, intermediate and equatorial which assists in proper protein folding thus preventing aggregation of unfolded polypeptides. To evaluate the structural changes during protein folding, conformations of HSP 60.2 were monitored during 10 ns time scale. Molecular dynamic simulations are used to study the large amount of molecular and biomolecular conformations with the use of high end computational assistance. The Principal component analysis and clustering techniques are used for revealing major conformational changes that occur in the MD simulation. Normal mode analysis was also performed to study the conformation and direction of motion of a protein under study for a large time scale simulation. These studies suggest that functional behavior of protein that depends on the structure. Chaperonin 60.2 is not only plays a role as protein folding machinery, but also an immunologically important biomolecule. Hence it is provided and drawn a clear path between role of chaperon in protein folding and their role in the infection showing the immunological importance of Heat Shock Protein 60.2.
INTRODUCTION
The diseases caused by Mycobacterium are important sources of morbidity and mortality in the world today [1] . Mycobacterium tuberculosis is the causative agent of the tuberculosis that kills more than 2 billion people i.e., one third of world's population. Chaperonin 60 (Cpn60), also commonly referred to as heat shock protein 60(Hsp60), is one of the major molecular chaperones that are present ubiquitously in all forms of life. These Molecular chaperones are known to assist the folding, assembly, and transport of several cellular proteins [2] . Invasion of a host is an apparent form of a stress, and induction of Cpn60s has also been observed in . pathogenic organisms. The over expressed pathogen derived Cpn60s act as major antigens that result in strong immune responses from the host [3] . Its immunodominant epitopes have recently been identified. It has also been explored for possible inclusion in are combinant vaccine [4] . Interestingly, the mycobacterial chaperonins have previously been shown to be secreted into the extracellular environment, although their role as molecular chaperones is limited to the cytosol [5] . The existence of chaperonins in the extracellular environment thus suggests a possible alternate functional role [6] .
However, recent literature suggests that the heat shock proteins or chaperonin (HSP 10 and HSP 60.1, HSP 60.2) play key role in pathogenesis of Mycobacterium tuberculosis. These chaperonins assist in the correct folding of most protein under both normal and stress conditions. Before their role as protein folding molecules was discovered, the chaperonin of certain pathogenic bacteria viz., M. tuberculosis were identified as major immunogens [7] .
Totally structure comprises 447 amino acid residues in chain A and 445 residues in chain B. The overall architecture comprises three distinct domains-equatorial, intermediate and apical. The HSP 60.2 structure reveals large hydrophobic regions are exposed on the surface, with an elegant conformational change involving reorientation of the N-terminal helix [Residues 60 to 74]. In both A and B chain, the asymmetric unit shields hydrophobic residues of the equatorial domain. In addition, this conformational change appears to promote the packing of the α-helices spanning residues 87 to 107 and 60 to 97. Another hydrophobic patch occurs in the apical domain and has been shown to bind substrate proteins. These two hydrophobic patches in each of HSP 60.2 monomer have role in binding unfolded polypeptides [8] .
To better understand the molecular mechanism of protein folding assisted by HSP 60.2 of Mycobacterium tuberculosis, we have studied the flexibility of backbone conformations by the methods of molecular dynamic simulations (MD). In the analysis of protein dynamics, an important goal is the description of slow largeamplitude motions in large proteins. These motions typically describe rearrangements of domains which are essential for the function of the protein. In the present work, the principal component analysis and clustering techniques are used for MD simulation trajectory data to investigate the major conformational changes in the HSP 60.2 during protein folding. In order to examine the inter-and intra-domain motion of Mycobacterium tuberculosis HSP 60.2, normal mode analysis was performed [9] .
RESEARCH METHOD

Molecular Dynamic Simulation
The crystal structure of Mycobacterium tuberculosis HSP 60.2(PDB ID: 1sjp) was used to model unliganded molecular dynamic studies. The protein was solved in a cubic box of SPC pre-equilibrated water molecules with a minimum distance of 5A0 between the solvent and each face of the box. The final system contained 79809 atoms within a box. The solute and solvent was separately coupled to temperature reservoir of 298.15 k with a coupling time of 0.4 ps. All the minimization and molecular dynamic simulation step were performed using GROMCS force field 43a1 and GROMACS program suite 4.5.5 at a stable volume and temperature of 300 K [10, 11] .
The equation of motion was integrated by using a Leapfrog algorithm with a time step of 2fs. Covalent bond length between hydrogen and heavy atoms were constrained using SHAKE [12] with a relative geometric tolerance of 0.0001. The equilibration protocol was considered for 700 frames by steepest-descent minimization and not used in the main analysis for the reason described in results. Only the subsequent 10,000 frames (10ns) were used in the main analysis [13] .
Principal component analysis (PCA)
Principal component analysis in an unsupervised statistical technique for finding patterns in highdimensional data. It is often used a tool in exploratory data analysis to reveal the internal data structure in a way that best explains its variance [14] [15] [16] .
A typical MD trajectory consists of the information of time-evolution of the coordinates of the entire constituent forming the system being studied. This MD tie steps are an order of 1 fm while the simulation time ranges from few to ten nanosecond. The resultant trajectory consist a huge amount of data which can be splited. When performed on a set of experimental structures, the principal components describe concerted atomic [17, 18] . Because these motions are often essential for protein function [19] . For an N-atom system, the input dataset for PCA can be constructed as trajectory matrix in which each column contain a Cartesian coordinate for a given atom of each output time step. Apart from long-time MD simulations of generate sufficient trajectory data, the diagonalization of the 3N covariance matrix poses the most computationally exhaustive step during PCA. MD-PCA was carried out with a version of GROMACS 4.5.5 using the same thermostatic as the reference simulation but with a time step dependent. This results in a simulation without overall rotation and translation [20] .
PC analysis, performed on Cartesian coordinates or dihedral analysis (dPCA) has proved to be a valuable tool for studying conformational change. Mathematically, the Principal components are obtained by a diagonalization of the data covariance matrix C:
C=V^V T
This results in the diagonal matrix '^' containing the eigenvalues as diagonal entries and the matrix 'V' containing the corresponding eigenvectors [21] .
Covariance matrix
The first step in the PCA is the construction of the covariance matrix, which capture the degree of colinearity of atomic motion for each pair of the atoms. This covariance matrix is subsequently diagonalized yielding a matrix of eigenvectors and a diagonal matrix of eigenvalues. Each of the eigenvectors describes collective motions of particles; when the values of the vectors indicated how much the corresponding atom participate in the motion. The associated eigenvalues gives equal the sum of the fluctuation described by the collective motions per atom and thus is a measure for the total modeling associated with an eigenvectors [22] .
Clustering
Clustering analysis is another unsupervised technique for finding patterns within data. Clustering algorithm group similar objects into subgroups (i.e., clusters) by minimizing intra-cluster and maximizing intercluster difference. Therefore, most clustering algorithms require a measure of similarity or distance, of object. Clustering algorithm can be divided into partitional and hierarchical clustering algorithms [23] . Partitional clustering divides the objects from non-overlapping clusters; hierarchical clustering allows nested clustering and results in a hierarchical tree. The average value within a cluster is called the centroid: for clustering coordinate data, the centroid represents the conformation that best describe the conformations with a cluster [24] .
Normal Mode Analysis
In order to examine the nature of collective motion of atoms and conformational changes of Mycobacterium tuberculosis HSP 60.2 [8] , normal mode analysis was carried by using ELNemo: a normal mode web server for protein movement analysis and the generation of templates for molecular replacement [25] to compute the 100 lowest frequency modes of Mycobacterium tuberculosis HSP 60.2 [26] . The normal mode theory is based on the harmonic approximation of the potential energy function, around a minimum energy conformation. This approximation allows the analytic solution of the equation of the motion by diagonalizing the Hessian matrix, which yield eigenvalues (normal modes) and are the squares of the associated frequencies [27] .
The classical semi-emperical potential energy function used in the all-atom force field is replaced by a simple parameter potential (a Hookean potential):
Where d ij is the distance between two atoms i and j, d 0 ij is the distance between these atoms in the three dimensional structure, 'c' is a constant assumed to be the same for all interacting pairs which refers to the spring constant of the potential and R c is an arbitrary cutoff parameter, beyond which interactions are not taken into account [28] .
Distance fluctuation
The map highlights residual pair 'i' and 'j' with a strongest variation in the distance between their Calpha atoms in a given model 'k'. In these maps, rigid and flexible blocks of amino acid residues can be identified along with their relative movement, which are represented by blue and red colored respectively [29] .
Overlaps
This measures the degree of similarity between the direction of a chosen conformation change and the direction values for the squares of the overlap, starting from the normal modes form a basis, the cumulative sum reaches a value of one when it is computed overall modes [30, 31] .
Collectivity:
Degree of collectivity measures the fraction of residues that are significantly affected by a given mode. For maximal collective movements the degree of collectivity tends to be the value of one whereas for localized motions, where the normal mode movement only involves from atoms, the degree of collectivity approaches zero. The low frequency normal modes are expected to have collective characters, especially those related to functional conformational changes of protein [32, 33] .
RESULTS AND ANALYSIS
MD simulations
The potential energy of the 10ns simulation was shown it's decreased and fluctuation to -555226 J at 700 ps and hence we considered the trajectory after this time for the analysis of simulation.
1. 1. Root Mean Square Deviation (RMSD)
The root mean square (RMSD) from the crystal structure through 10 ns trajectory is shown in Figure 1 . The RMSD for the α-carbon tom kept stable around 9000 to 10000 ps which observed a deep decrease from 1 ns trajectory. It is also observed a short stability in the RMSD at 2000ps. The overall average RMSD value was shown as 0.31 nm. The potential energy, total energy, pressure and temperature were maintained all along the 10ns simulation were as indicated in table 1. 
1. 2. Root Mean Square Fluctuation (RMSF)
The RMSF captures, for each atom, the fluctuation about its average position. This gives insight into the flexibility of regions of the protein and corresponds to the crystallographic b-factors (temperature factors). During the simulation, several hydrogen bonds broke and formed. It is found that the number of hydrogen bonds range 700 during simulation. The hydrogen bond network is weak, because there is no major variation in the number of hydrogen bonds suggesting the molecule is flexible. Figure 2 .B. shows the plot of hydrogen bonds in HSP 60.2 pairing within 0.35nm. The presence of hydrogen bond donors (336) and acceptors (672) is very essential for the protein ATPase activity during the course of protein folding. Due to a weak K+ stimulated ATPase activity, an essential component of the chaperonin-mediated protein folding reaction, the Mycobacterium tuberculosis HSP 60.2 shows weak ATPase activity [8] . This analysis also provides a measure for the formation of α-helix or β-turns or strands.
1. 4. Radius of Gyration
Radius of gyration gives an indication of the shape of the molecule at each time. The radius of gyration compares to the experimentally obtainable hydrodynamic radius. This indicates that the first individual component corresponds to the lowest axis of molecule, which the last corresponds to smallest. In effect, the three axes give a global indication of the shape of the molecule. It is a rough measure for the compactness of a structure. All around the timescale of simulation, we fount some changes in R g . The large fluctuation in Rg is due to the conformation change in apical domain during folding of a protein. In the first 2000 ps of simulation we see R g is stable which increases to 3.55 nm at 3000 ps time scale. In contrast, from 4000 ps the Rg decreases gradually indicating the release of folded protein (Figure 3 ). 
1. 5. Minimum distance matrix
To get information about contacts in the protein one can plot the distance between two atoms or the minimum distance between two groups or atoms. If one plots the distances between all residues of the protein, one obtains a symmetrical matrix. Plotting these matrices for different time frames (see Fig.4 .), one can analyze changes in the structure. In our analysis a total of 19 matrices for 892 residues with 8187 atoms for every 1000ps were plotted to study the changes in the structure that occurs. All along the simulation time there is a large ratio of increase in the number of contacts between the residues 400-580 with nearly 1250 ratio and a gradual decrease in the number of contacts from the residues ranging from 650-892 with ratio nearly 250; when compared to the experimental x-ray structure where there is very low ratio of nearly 270 of M. tuberculosis HSP 60.2. The Figure 4 shows along the timescale of simulation, there is a very low minimum distance between the residues of the protein groups at nearly 7800 ps with 0.099999. Black lines indicate minimum distance between protein-protein
Principle component Analysis
Principal component analysis of MD simulation of protein have indicated the collective degree of freedom dominate protein conformational fluctuation [36] . The large scale collective motions are essential for the essential dynamics of the protein [37] . Distance bonds are defined on the basis of inter atomic interactions within the starting conformation of the protein. PCA involves diagonalization of the covariance matrix of positional fluctuations. Resulting eigenvectors describe modes of the collective fluctuation of which the corresponding eigenvalues is a measure of the mean square fluctuation along the mode [38] . The subsequent equilibration time was required for the model from HSP 60.2 crystal structure, its immersion into water. Equilibration was established by monitoring the system's RMSD and radius of gyration [39] (Figure 5 ). It is useful to split the dynamics into different modes of motion and analyze these modes individually. In principle, in a system of N atoms, 3N-6 of such modes of internal fluctuations exist (6 degrees of freedom are required to describe the external rotation and translation of a system. Matrix showing coordinate covariance's between c α atoms. Red means that two atoms move together, so it is reasonable that on diagonal there is a red line. Blue means that they move in opposite directions. The intensity of colors indicates the amplitude of the fluctuations. From the covariance matrix it is possible to see that group of atoms move in a correlated or anti-correlated manner. Figure 5 : covariance matrix of PCA for MD simulation for 10 ns.
Consequently the time frame of 379.684 nm2 was considered as production data in order to fully remove the modal's equilibration period. The resulting 8028×8028 covariance matrix was subjected to the PCA; yielding eigenvectors describe the overall translation and rotation of the system. The eigenvalues from the PCA ( Table 2) , ranked by magnitude, decrease rapidly: the 14th largest eigenvalue is less than one tenth (0.1) of the largest and 233rd largest is less than one-hundredth (0.01) of the largest. 
Cluster Analysis
In addition to the production simulation trajectory data, two artificial sets of data were constructed from independent trajectories of the HSP 60.2 to create trajectories containing nearly 2900 configurations at 1ps interval. We found, that the results of the clustering analysis were unambiguous, in terms of the optimal number of clusters of conformation. The first represent 19 different sized clusters created for 100 ps (Table. 3 1  2950  24  2  1401  50  3  1396  60  4  895  10  5  882  48  6  749  6  7  688  26  8  253  12  9  194  50  10  131  29  11  126  5  12  118  18  13  71  14  14  51  10  15  46  14  16  35  6  17  31  8  18  5  4  19 1 2
The total number of the transition in the structure is 223 by representing a maximum 18 between two specific clusters ( Figure 6 .A). The set is more different to cluster as it has both very small clusters with small variance and relatively large clusters with large variance. The average distance of each conformation in the cluster to its centroid spans a large range. The plot (Figure 6 .B) shows that each cluster in the dissimilar from its neighbors and also the large clusters are may best represented. The diagonal elements (White) on left hand top represent self-comparison or zero RMSD and the black (right hand side of diagonal) shows the largest pairwise RMSD. The clustering matrix used was the best-fit RMSD of the residues defining the proper folding of proteins by HSP 60.2, specifically the apical and equatorial domains. Clustering can identify different conformational states sampled during the simulation by grouping molecules structures into subsets based on the conformational similarity [40] . This requires a definition of similarity by a distance matrix and a definition of the space where the clustering should occur. In this study, we used only Euclidean distance expressed by the root mean square deviation (RMSD) between conformational and focus on the different options for the subspace that will be used for clustering. Here we considered only back bone carbon atoms since over focus on studying large scale motion of the model protein. Figure 6 . B: 2D RMSD plot for all frames from HSP 60.2 simulation with 19 differentially sized clusters. Note that only 18 clusters are readily visible since other one cluster is very small and negligible.
4. Normal mode analysis
The 3.20 A 0 X-ray crystallographic coordinates were used to perform dynamic fitting using normal mode analysis. This method uses Hookean potential and linear combination of low frequency normal modes in the interactive manner to deform the structure optionally to conform to the low-resolution structure. Normal modes are used for the flexible fitting between they represent the large conformational change observed in biological system [32, 41] . One advantage of this analysis over the independent fitting of disconnected domains [42] is that it incorporates the structural constraints of the connected hinge region, thereby restaining domain separation to energetically reasonable limits. Only the lowest frequency normal modes that 7-fold symmetry is selected for functional analysis (Table 4 ). The RMSD difference of the Cα backbone between the two modes is zero. Interestingly, the calculated normal mode analysis of the HSP 60.2 subunit into the reconstruction positions shows that the unresolved equatorial residues of the N-terminal and C-terminal end of the beginning of the new inter-ring density connections (Figure 7) . The NMA derived structures showed, that both the trans and cis apical domain rotations counterclockwise with respect to the 7-fold axis. The large mobile loop region (297-355) in both the cis and trans apical domains appear to rotate in the same direction [43] . Although there is not always a clear one-to-one correspondence, there is a quantitatively good agreement between movements described by the first five modes [44] (i.e., mode 7, 8, 9, 10 & 11) . The covariance of the motion between the α-carbons of HSP 60.2 of both inter-and intra-domain motions is shown in the form of covariance matrix (Figure 8 ). The eigenvalues of the first five modes denote a small variation in the movement (Figure 9 ). This shows both the apical and equatorial domain move in a direction towards intermediate domain.
The blue and red colored blocks in the matrix indicate these residues for which the distance changes significantly in movement of 7th mode. Figure 10 shows the map for distance fluctuations between residue measure and the relative movements in the 7th mode. The rigid and flexible blocks of amino acid residues were identified along with their relative movement. 
CONCLUSION
A molecular dynamic simulation are extensively used in order to understand the protein function in relation with structure and is particularly well-suited for studying the local minima in the free energy landscape and the transitions between these minima which characterize how biomolecules perform their requisite functions. Our MD simulation reveals that the HSP 60.2 of Mycobacterium tuberculosis flexibility and observe a conformational changes that occur during protein folding i.e., the protein subunit binding favors the conformer that has a strong affinity towards protein subunit since ATP-dependent conformational changes in GroEL which leads for proper folding of unfolded protein. Our analysis suggests the global movement may be significantly flexible, thus making it different by showing that all domains move in a strict fashion. Principal component analysis and Clustering methodologies applied to the results of MD simulations focus on partitioning structural ensembles into groups of structures which share similar conformational features. It is hoped that when applied to simulations of HSP 60.2, the clustering results in partitions which correspond to the descriptive-metastable and transition-states of the system as discussed in results. The PC analysis on molecular dynamics trajectory data revealed that major motions and conformational changes during simulation are dominant by the N-terminal helix, which is important property for protein folding. Normal mode analysis is used to predict the direction of intra-domain movement of proteins. The 7th lowest frequency mode suggests the possibility of Mycobacterium tuberculosis HSP60.2 large conformational changes that are regulated by binding and hydrolysis of ATP that are occurring due to flexible movement of the apical domain towards the equatorial domain. The large en bloc movement of apical domain away from the equatorial domain and a contemporary inward movement of the intermediate domain suggesting the rigid body movement across two hinge regions (one at interface of apical and intermediate domain and the other between intermediate and equatorial domain). The distribution of negative charge on the surface of HSP60.2 and presence of hydrophobic regions on their surface might play key role in binding unfolded polypeptides and thus preventing their miss-folding.
